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Abstract 

This review examines Global Navigation Satellite System (GNSS) wave buoys from meas-

urement principles and wave-parameter retrieval to representative systems and applica-

tions. By tracking buoy motion through three-dimensional position or velocity measure-

ments, GNSS-based approaches offer diverse alternatives to conventional inertial-sensor 

buoys and potential for low-cost deployment at scale. We distinguish displacement-based 

from velocity-based methods according to their primary observables. Reference-station-

dependent displacement methods can achieve positioning accuracies of 2–10 cm within 

approximately 50 km of shore, whereas Doppler and carrier-phase methods have reported 

velocity measurement accuracies of approximately 2–20 cm/s and 2–10 mm/s, respectively. 

These velocity-based methods offer potential for open-ocean deployment, provided that 

velocity observations are integrated or converted in the spectral domain. Our synthesis 

indicates that accuracy of displacement retrieval within the target wave band provides a 

more meaningful basis for comparing methods than raw-observation accuracy alone. 

Measurement errors do not necessarily propagate proportionally into derived wave pa-

rameters, with significant wave height and mean wave period generally showing good 

agreement across approaches. However, platform-dependent motion response limits the 

frequency range over which sea-surface motion can be reliably resolved. GNSS wave 

buoys already support in situ monitoring, satellite-product validation and wave-forecast 

evaluation; advances in accuracy and lighter platforms could broaden their use. 
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1. Introduction 

Wave observations are essential for marine hazard mitigation, navigation safety and 

climate research. Current approaches are commonly divided into remote sensing and in 

situ measurements [1]. Remote sensing techniques, including satellite altimetry and syn-

thetic aperture radar (SAR), provide broad spatial coverage of wave fields, but their prod-

ucts remain affected by nonlinear retrieval and directional ambiguity. These estimates 

therefore require validation against high-accuracy in situ measurements. Buoys are 

widely regarded as the most reliable in situ benchmark for wave measurement. However, 

conventional buoy systems often rely on accelerometers and other sensor combinations, 

making them costly and difficult to deploy and maintain [2,3]. Global Navigation Satellite 

System (GNSS) buoys have therefore attracted increasing interest, because they can 
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directly measure three-dimensional displacement or velocity at relatively low cost and 

with simpler deployment [4]. 

Early GNSS buoy studies were primarily developed for tsunami warning, tidal da-

tum determination, and water-surface elevation monitoring. DeLoach (1995) first mounted 

a GPS receiver on a navigation buoy to determine tidal datums [5]. Kato et al. (2000, 2001) 

then developed and refined a tsunami observation system using real-time kinematic GPS 

(RTK-GPS) (Trimble Inc., Westminster, CO, USA) [6,7]. Nagai (2005) further demonstrated 

the high precision of GPS buoys for tsunami waveform observation [8]. In parallel, GNSS 

buoys have increasingly been explored for wave observation. Existing approaches can be 

broadly grouped by the measured quantity into displacement-based and velocity-based 

methods. Displacement-based methods derive wave parameters from GNSS-positioned 

three-dimensional buoy motions, whereas velocity-based methods estimate wave-induced 

motion directly or indirectly from Doppler frequency-shift observations. 

Displacement-based GNSS wave measurements generally use two positioning strat-

egies. The first relies on shore-based reference stations, including differential positioning 

(DGPS/DGNSS), real-time kinematic positioning (RTK) and post-processed kinematic po-

sitioning (PPK). The second operates without a local reference station and includes single 

point positioning (SPP) and precise point positioning (PPP). Early displacement-based 

GNSS wave measurements relied mainly on DGPS and PPK, which can provide centime-

ter-level accuracy. Their offshore use is nevertheless constrained by the effective range of 

shore-based reference stations, which is typically less than 50 km [9,10]. PPP has therefore 

expanded the potential of GNSS buoys for open-ocean wave observation by reducing this 

dependence on coastal infrastructure. Bender et al. (2010) demonstrated the reliability of 

PPP and PPK for retrieving wave parameters under nearshore conditions [11]. Kuo (2012) 

compared DGPS, PPP and tide-gauge records, showing that PPP can resolve centimeter-

scale sea-surface variations [12]. Lin (2018) developed a GNSS buoy that integrated virtual 

base station (VBS) and RTK techniques for real-time tidal-level and wave-data acquisition 

in estuarine and nearshore waters [10]. Shan et al. (2018, 2019) combined RTK, PPP and 

PPK dynamic positioning for wave measurements [13,14]. Gendron (2019) further com-

pared the accuracy of PPK, PPP and time-relative positioning (TRP) for wave measure-

ments using a small GNSS buoy [15]. SPP offers a lower-complexity alternative because it 

uses the position time series from a single GNSS receiver. Harigae et al. (2005) achieved 

centimeter-level measurements of wave height and wave direction using a commercial GPS 

receiver [16]. Joodaki (2013) subsequently introduced high-pass filtering to improve SPP-

based wave-parameter retrieval [17]. Herbers et al. investigated an SBAS-enhanced single-

receiver absolute positioning approach and demonstrated the feasibility of low-cost GNSS 

wave buoys [2]. Waseda (2014) used SPP to observe an extreme wave event [18]. 

Velocity-based GNSS wave measurement can be traced to the Seatex Smart-800 buoy 

(Seatex AS, Trondheim, Norway) reported by Krogstad et al. (1999), which derived three-

dimensional velocity time series from differential GPS Doppler observations and demon-

strated reliable performance in sea trials [19]. Datawell subsequently developed the DWR-

G buoy, which uses a single GPS receiver to estimate buoy velocity from Doppler fre-

quency shifts. Side-by-side comparisons with a conventional accelerometer-based DWR 

buoy showed close agreement in the principal wave parameters measured by the two sys-

tems [9]. Hou et al. (2006) applied a velocity-integration approach based on carrier-phase 

differential observations to wave-direction measurements, although the method relied 

largely on post-processing [20]. Doong et al. (2011) incorporated GPS-derived velocities 

into spectral analysis, retrieving wave parameters by converting velocity spectra into dis-

placement spectra and applying directional wave-spectrum theory [21]. Thomson (2012) 

used GNSS Doppler observations to resolve wave-induced relative horizontal velocities 

from drifting buoys. However, limited vertical-velocity accuracy and sensitivity to 
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platform attitude required additional constraints from pressure and attitude sensors or 

filtering-based preprocessing [22]. A compact wave buoy developed by the Scripps Insti-

tution of Oceanography derived buoy velocities from GPS Doppler observations and was 

evaluated during a relatively large-scale field campaign in 2016 [23]. Qi (2019) further im-

proved wave-measurement accuracy by using a neural network to correct anomalous ve-

locity observations and incorporating Gaussian low-pass filtering into wave-spectrum 

processing [24]. 

Recent advances in GNSS wave buoys have followed three main directions. First, a 

growing range of positioning and velocity-estimation strategies has been evaluated. Zhu 

(2020) found that absolute height errors in PPP solutions have only a limited influence on 

wave-band spectra under low sea states, providing further support for PPP-based wave 

measurements [25]. Liu (2022) introduced an onboard GNSS variometric velocity-estima-

tion method for real-time wave measurement [4]. Yang et al. (2024) subsequently devel-

oped a method based on single-frequency L1 time-differenced carrier phase (TDCP) ob-

servations, achieving accuracy comparable to PPK [26]. Xue et al. (2024) introduced the 

kinematic extension of the Variometric Approach for Displacements Analysis Stand-

Alone Engine (Kin-VADASE), supporting the development of GNSS wave buoys towards 

real-time, lightweight, low-cost and networked operation [27]. Second, wave-parameter 

retrieval has expanded beyond conventional frequency-spectrum analysis. Gu et al. (2023) 

used three-dimensional displacement and velocity measurements from GNSS buoys to 

estimate both frequency and directional spectra, broadening their application to direc-

tional-spectrum analysis [28]. Peláez-Zapata et al. (2024) applied wavelet-based analysis 

to GPS-buoy observations, providing an alternative approach for estimating the direc-

tional distribution of waves [29]. Wang et al. (2025) proposed complementary statistical 

and spectral approaches that account for buoy-positioning resolution when extracting 

wave parameters [30]. Third, engineering development has increasingly emphasized low 

cost, miniaturization and rapid deployment. The Spotter buoy developed by Raghukumar 

et al. (2019) helped bring low-cost GNSS wave buoys with real-time capabilities into com-

mercial use [31]. Thomson et al. (2024) developed and tested the expendable microSWIFT 

GNSS wave buoy for deployment from research aircraft, providing a low-cost platform 

for wave observations in extreme environments [32]. Collins et al. (2024) further showed 

that most small moored GNSS buoys offer adequate performance for nearshore engineer-

ing and wave-observation applications [33]. 

This review traces the development of GNSS wave-buoy technology, covering its 

methodological approaches, representative systems and applications. It further examines 

the accuracy characteristics of different buoy technologies, the effects of platform differ-

ences on wave-measurement performance and the suitability of buoys as external valida-

tion references, with the aim of informing future research and applications. This review 

focuses on technological developments in GNSS-based wave buoys over the past decade 

while also tracing the earlier studies that established the field. The literature search tar-

geted GNSS-based wave buoys and covered three main themes: GNSS positioning and 

velocity-measurement techniques, wave-spectrum retrieval and wave-parameter estima-

tion. Studies were selected according to their relevance to GNSS-based wave measure-

ment and their representativeness in terms of technical methodology and experimental 

validation. Methodological studies were included to represent different GNSS observa-

bles and processing pathways. Experimental-validation studies were prioritized when 

they reported clearly defined reference measurements, sea-state conditions, processing 

frequency bands and quantitative evaluation metrics. Studies of representative systems 

and applications were selected to capture differences in technology approaches, buoy 

platforms and application contexts. Reported measurement performance was synthesized 

in the context of the corresponding experimental conditions and evaluation methods, 
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thereby clarifying the scope of validity of the reported results and the limitations of com-

parisons across studies. 

The remainder of this paper is organized as follows: Section 2 describes the methods 

and technical approaches used to obtain GNSS buoy observations. Section 3 reviews 

wave-parameter retrieval methods and analyses error propagation across different buoy 

technologies. Section 4 introduces representative GNSS wave-buoy systems and their ap-

plications. Section 5 presents the discussion, and Section 6 concludes the review. Figure 1 

summarizes the overall technical workflow for GNSS wave-buoy observations. 

 

Figure 1. Technical workflow of GNSS wave buoys. 

2. Acquisition Methods and Technical Approaches for GNSS  

Buoy Observables 

GNSS buoy-based wave observation follows a continuous processing chain, from the 

acquisition of buoy-motion observables to the retrieval of wave parameters. This section 

reviews the methods and technical approaches used to acquire these observables and ex-

amines their applicability, providing the foundation for the wave-parameter retrieval 

methods discussed in the following section. 

2.1. Technical Approaches for Displacement-Based GNSS Wave Buoys 

2.1.1. Typical Positioning Strategies 

GNSS positioning strategies provide the coordinate solutions required to construct a 

three-dimensional position time series of the buoy antenna. Here, these strategies are 

grouped into two categories: reference-station-dependent differential or relative position-

ing methods (DGPS, RTK and PPK) and single-receiver positioning methods that do not 
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require a shore-based reference station (SPP and PPP). The former generally yield higher-

precision position estimates. Their reliance on shore-based infrastructure, together with 

the more involved data processing required by some implementations, can nevertheless 

constrain the open-ocean deployment of GNSS wave buoys. By contrast, single-receiver 

methods offer a simpler system architecture and greater deployment flexibility, making 

them attractive for low-cost and open-ocean observations. However, their positioning pre-

cision and capacity for error mitigation may affect the resulting wave-parameter esti-

mates. Table 1 summarizes the technical characteristics of representative GNSS position-

ing strategies and their suitability for displacement-based wave measurements. 

Table 1. Comparison of representative GNSS positioning strategies. 

Positioning Strategy Category Technical Characteristics Advantages Limitations 

SPP 
Single-receiver posi-

tioning 

Positioning from broadcast ephe-

merides and pseudoranges 

Simple setup; flexible de-

ployment 

Limited accuracy; weak 

vertical stability 

SBAS 
Augmented single-re-

ceiver positioning 

Satellite-correction-enhanced 

point positioning 

No shore station; flexible re-

gional deployment 

Limited coverage and 

correction capability 

PPP 
Precise single-receiver 

positioning 

Positioning with precise orbit 

and clock products 

No shore station; suitable for 

open-ocean use 

Convergence delay; de-

pendence on precise 

products 

DGNSS 
Differential position-

ing 

Reference-station pseudorange 

corrections 
Higher accuracy than SPP 

Shore-station depend-

ence; limited open-

ocean use 

RTK 
Real-time kinematic 

relative positioning 

Real-time carrier-phase differen-

tial positioning 

High accuracy; real-time 

output 

Requires station and 

link; baseline-limited 

PPK 

Post-processed kine-

matic relative posi-

tioning 

Post-processed carrier-phase dif-

ferential positioning 

High accuracy; no real-time 

link required 

No real-time output; re-

quires reference data 

SPP uses a single GNSS receiver to determine an absolute position from pseudorange 

observations and broadcast ephemerides. Although simple and flexible to deploy, SPP is 

susceptible to measurement noise, satellite orbit and clock errors, atmospheric delays and 

multipath. Marine trials under open-sky conditions have reported absolute positioning 

accuracies of approximately 3–10 m [34–36]. PPP combines pseudorange and carrier-

phase observations with precise GNSS products and error corrections, enabling high-ac-

curacy positioning without a local reference station. It is therefore suitable for offshore 

wave-parameter retrieval and can achieve a positioning accuracy of approximately 3–10 cm 

under optimized processing conditions [12,37,38]. However, its dependence on precise 

products and processing strategies, together with the required convergence time, constrains 

short-duration observations, real-time applications and operation under complex sea states. 

DGNSS applies reference-station corrections to pseudorange and range-rate obser-

vations, mitigating spatially correlated errors and producing more stable buoy position 

time series than SPP. It was used in early GPS wave-buoy systems and for directional 

wave observations in nearshore waters [39]. Its accuracy nevertheless degrades with in-

creasing baseline length, while non-common errors at the buoy, including multipath and 

receiver noise, remain largely uncorrected [40]. SBAS extends differential correction cov-

erage over much larger regions and mitigates distance-dependent errors across broad spa-

tial scales. Although independent of local shore-based reference stations, it still relies on 

a wide-area network of ground monitoring stations and central processing facilities to 

generate corrections. 

RTK combines carrier-phase differencing with integer ambiguity resolution to de-

liver centimeter-level kinematic positions in real time. It is well suited to trials in nearshore 

and harbor environments and has been widely applied to tidal-level, water-level and tsu-

nami monitoring [6,41–43]. However, RTK depends on short baselines, stable 
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communication links and reliable ambiguity resolution. Longer baselines or communica-

tion interruptions can substantially reduce positioning continuity and reliability. Like 

RTK, PPK uses carrier-phase observations for relative kinematic positioning, but the two 

differ primarily in when solutions are generated. RTK applies corrections and outputs 

coordinates in real time, whereas PPK processes synchronized reference-station observa-

tions after data collection [44–46]. Its independence from real-time communication makes 

PPK suitable for high-accuracy retrospective analysis, intercomparison experiments and 

algorithm validation in GNSS buoy wave measurements [11,25]. Nevertheless, its accu-

racy remains sensitive to baseline length and post-processing strategy, and synchronized 

reference-station observations are still required. More generally, reference-station-based 

methods are constrained by baseline length. Vertical positioning accuracy can reach ap-

proximately 2–5 cm over short baselines, whereas errors typically increase to 5–10 cm 

when baselines extend to tens of kilometers [12,26,27,41,42]. 

GNSS absolute-positioning accuracy should not be taken as a direct measure of 

wave-measurement accuracy. GNSS-based wave measurement relies primarily on the 

time-varying positional changes induced by wave motion in the positioning sequence, 

rather than on the absolute position itself. Some positioning errors appear mainly as static 

biases or low-frequency drift and can therefore be attenuated through appropriate signal 

processing before wave retrieval. Consequently, substantial differences in the absolute-

positioning accuracy of different GNSS methods do not necessarily lead to comparable 

differences in the retrieved wave parameters, which may still show good agreement. 

2.1.2. Workflow for Processing Displacement Observations 

In displacement-based approaches, GNSS processing yields a position time series for 

the buoy antenna in a geodetic coordinate system. This raw series generally cannot be 

directly interpreted as wave-induced displacement. Converting antenna positions to sea-

surface elevations requires corrections for antenna mounting height and buoy attitude. 

The series also contains low-frequency variations and observational errors unrelated to 

wave motion. Raw displacement observations must first undergo quality control. Typical 

checks include solution status, valid-data proportion, sampling rate, missing samples, 

communication outages, abrupt jumps and gross outliers. These checks ensure sufficient 

continuity in the GNSS position or velocity time series. Horizontal observations subse-

quently require coordinate transformation because latitude and longitude do not directly 

represent buoy trajectories in a fixed local frame. They are therefore converted into local 

horizontal components for determining wave-propagation direction. Joodaki et al., for ex-

ample, used the initial buoy position as the local origin and transformed GPS-derived lat-

itude, longitude and height into a local east–north–height frame, as illustrated by Sche-

matic A in Figure 2 [17]. Vertical observations require geometric correction because GNSS-

derived heights refer to the antenna phase center. The offset between the antenna phase 

center and the waterline must therefore be measured and removed. Roll, pitch and an-

tenna eccentricity introduce additional vertical motion that does not represent true sea-

surface heave, as illustrated by Schematic B in Figure 2. These errors can be reduced 

through central antenna placement, lower mounting heights, attitude sensors or dynamic 

antenna-height calibration. 
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Figure 2. Technical workflow of the displacement-based approach. Schematic A illustrates the trans-

formation to a local coordinate frame, whereas Schematic B shows the geometric correction applied 

to vertical displacement observations from a GNSS wave buoy. Schematic B (a) depicts antenna-

height correction under ideal conditions, and Schematic B (b) identifies attitude- and installation-

related geometric errors under non-ideal conditions. 

Signal-separation techniques are commonly applied to displacement data to further 

suppress residual errors. High-pass filtering is widely used because GNSS positioning er-

rors and wave-induced motion occupy partly distinct frequency ranges. GPS point-posi-

tioning errors are concentrated mainly below 0.01 Hz, whereas wind-wave-induced buoy 

motion generally occurs at higher frequencies. High-pass filtering can therefore attenuate 

tidal variability, low-frequency drift, slowly varying mooring motion and low-frequency 

positioning errors, isolating wave-induced displacement within the wave-frequency band 

[47]. Reported cutoff frequencies vary slightly, although most studies use 0.03 Hz, as sum-

marized in Table 2. Joodaki evaluated several values, identifying optimal cutoff frequen-

cies of 0.031 Hz under laboratory conditions and 0.011 Hz in field trials [17]. Figure 2 sum-

marizes the overall workflow for processing displacement observations. 

Table 2. High-pass filter cutoff frequencies used in selected studies. 

Reference 
GNSS Buoy Measurement Ap-

proach 
Cutoff Frequency (Hz) 

[17] SPP 0.01, 0.03 

[18] SPP 0.03 

[25] PPP, PPK 0.02 

[4] Velocity-based approach 0.03 

[9] Velocity-based approach 0.03 

2.2. Velocity-Based GNSS Buoy Techniques 

2.2.1. Typical Velocity Estimation Methods 

GNSS velocity estimation methods can be broadly classified as Doppler-based or car-

rier-phase-based. Doppler-based methods are widely used in velocity-based GNSS buoy 

systems and infer receiver velocity from the frequency shift induced by relative motion 
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between the satellite and receiver. Reported velocity accuracies range from approximately 

2 to 20 cm/s [4,19,26,48]. This frequency shift reflects the satellite-receiver range rate along 

the line of sight [49]. Because each satellite provides only one line-of-sight velocity con-

straint, observations from multiple satellites must be combined with satellite positions, 

velocities and clock corrections. The receiver’s three-dimensional velocity and clock-drift 

term can then be estimated using least-squares or filtering methods. 

Carrier-phase-based velocity estimation has emerged as a high-precision approach 

for velocity-based GNSS wave buoys, with reported accuracies of 2–10 mm/s [4,48,50,51]. 

These methods determine short-term displacement increments by differencing carrier-

phase observations between consecutive epochs and derive velocity by dividing the dis-

placement by the sampling interval [52]. Representative implementations, including 

TDCP, the variometric approach and Kin-VADASE, have been applied to real-time wave 

observations. In the absence of cycle slips, integer ambiguities remain constant between 

consecutive epochs and are therefore eliminated by temporal differencing, while slowly 

varying errors are partly suppressed. Combining the resulting observations from multiple 

satellites enables the short-term three-dimensional displacement, and hence the velocity, 

of the buoy to be estimated. 

2.2.2. Velocity-Observation Data Processing Workflow 

Velocity-based GNSS wave buoys typically record three-dimensional velocity time 

series of wave-induced buoy motion, comprising one vertical and two orthogonal hori-

zontal components. These observations are transformed into intermediate quantities that 

describe sea-surface elevation or wave-energy distributions, providing the basis for sub-

sequent wave-parameter retrieval. Two main processing approaches have been devel-

oped. The first reconstructs buoy displacement by integrating the velocity time series in 

the time domain. For vertical motion, this relationship is expressed as Equation (1): 

𝜂(𝑡) = ∫ 𝑤(𝑡)𝑑𝑡 (1) 

Here, 𝑤(𝑡) is the vertical velocity of the buoy, and 𝜂(𝑡) is the sea-surface elevation, 

or vertical displacement, reconstructed through temporal integration. Integrating the two 

orthogonal horizontal velocity components similarly yields the three-dimensional buoy 

displacement. The second approach operates directly on the velocity observations in the 

frequency domain. Spectral analysis is first applied to the velocity time series, after which 

the velocity spectrum is converted into a displacement spectrum using the frequency-do-

main relationship between velocity and displacement. This displacement spectrum char-

acterizes the distribution of wave energy across frequencies. 

Both approaches require stable velocity measurements within the wave-frequency 

band. The raw observations must therefore undergo quality control before integration or 

spectral conversion, following procedures broadly similar to those used in the displace-

ment-based workflow. For velocity integration, low-frequency biases, mean offsets and 

non-wave-induced motion must be suppressed to prevent their accumulation as spurious 

displacement drift. For spectral conversion, the wave-frequency band must be isolated 

and spurious spectral peaks controlled to avoid amplifying velocity noise. High-pass fil-

tering and appropriate smoothing are therefore commonly applied to define the analysis 

band and stabilize the resulting data. 

Filtering should distinguish among measurement noise, low-frequency drift and 

anomalies in the observation time series, as these error sources require different treat-

ments. Discontinuities caused by signal interruptions or anomalous velocity spikes 

should first be addressed through quality control to prevent them from introducing spu-

rious low-frequency energy into subsequent spectral estimates. Persistent low-frequency 

noise can then be attenuated through detrending, high-pass filtering or band-pass 
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filtering. The choice of filtering scheme depends not only on the cutoff frequency but also 

on the filter order, transition-band characteristics and the frequency range used for sub-

sequent spectral integration. Because genuine long-period swell and low-frequency meas-

urement noise may occupy overlapping or adjacent frequency bands, a single fixed set of 

filter parameters may not be appropriate for all sea states. The processing range should 

therefore be selected by considering both the characteristics of the velocity noise and the 

target wave-frequency band. Figure 3 summarizes the processing workflow based on ve-

locity observations. 

 

Figure 3. Technical workflow of the velocity-based approach. 

2.3. Comparative Analysis 

Displacement-based and velocity-based GNSS wave buoys both characterize wave-

induced buoy motion for subsequent wave-parameter retrieval. However, they differ sub-

stantially in observable acquisition, data-processing pathways and implementation re-

quirements. Table 3 compares the two approaches to clarify their technical characteristics 

and domains of applicability. 

Table 3. Comparison of displacement-based and velocity-based GNSS wave-buoy approaches. 

Comparison Criterion Displacement-Based Approach Velocity-Based Approach 

Primary observable Three-dimensional position time series 
Three-dimensional velocity 

time series 

Physical interpretation 
Buoy heave and horizontal orbital dis-

placement 

Three-dimensional buoy veloc-

ity 

Acquisition methods SPP, PPP, DGNSS, RTK and PPK Doppler and TDCP 

Key processing steps 
Positioning quality control; coordinate 

transformation; geometric correction 

Velocity quality control; drift 

suppression; spectral pro-

cessing 

Main error sources 
Positioning errors; multipath; antenna-

height and attitude errors 

Doppler noise; cycle slips; inte-

gration drift; spectral-conver-

sion errors 
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Advantages Direct physical interpretation 

Favourable dynamic response; 

strong potential for real-time 

operation 

Limitations Complex error correction 

Error accumulation or amplifi-

cation during velocity conver-

sion 

Shore-based reference sta-

tion 

Required for DGNSS, RTK and PPK; 

not required for SPP or PPP 
Generally not required 

Table 3 highlights the complementary strengths and limitations of displacement-

based and velocity-based GNSS wave buoys. Displacement-based approaches derive 

wave motion from position time series, providing a direct representation of buoy heave 

and horizontal displacement. Their range of positioning strategies also supports diverse 

deployment scenarios. In the open ocean, however, reference-station-independent meth-

ods involve trade-offs between accuracy and real-time performance. Vertical displace-

ment estimates are also sensitive to antenna geometry and buoy attitude, complicating 

error correction. Velocity-based approaches, by contrast, offer favorable dynamic re-

sponse and strong potential for real-time operation. Doppler- and carrier-phase-based 

methods generally do not require shore-based reference stations; when available, refer-

ence-station data or external corrections primarily improve velocity precision and stabil-

ity. This independence provides greater deployment flexibility. Nevertheless, velocity 

must be related to sea-surface displacement through time-domain integration or fre-

quency-domain spectral conversion, which can introduce error accumulation and noise 

amplification. These route-level differences alone do not determine the suitability of indi-

vidual methods for specific applications. Table 4 therefore compares displacement- and 

velocity-acquisition methods against several key application factors. 

Table 4. Suitability of GNSS wave-measurement methods across key operational criteria. 

Key Criterion Suitable Methods Rationale 

Open-ocean deployment SPP, PPP, Doppler, TDCP 
No local reference station or 

short baseline 

High-accuracy displacement 

estimation 
PPP, RTK, PPK 

Centimeter to decimeter-level 

accuracy 

Real-time capability DGNSS, RTK, Doppler, TDCP 
Real-time corrections or veloc-

ity estimation 

Lower processing complexity SPP, Doppler 
Direct position or velocity out-

puts 

Higher processing complexity PPP, RTK, PPK, TDCP 
Advanced corrections or car-

rier-phase processing 

Low-cost, lightweight deploy-

ment 
SPP, Doppler 

Minimal infrastructure and 

hardware requirements 

Table 4 shows that no GNSS observable-acquisition method is universally optimal; 

method selection instead depends on the observation objective, marine environment and 

engineering constraints. Open-ocean applications favor methods that are independent of 

local shore-based reference stations and short baselines. SPP and Doppler-based methods 

are particularly attractive for low-cost, lightweight deployment, whereas PPP provides 

higher positioning accuracy when suitable precise products and sufficient convergence 

time are available. For high-precision nearshore intercomparison, method validation or 

sea-surface elevation reconstruction, RTK and PPK are also advantageous. TDCP can 

achieve millimeter-per-second velocity precision, but its performance depends on contin-

uous carrier-phase observations, reliable cycle-slip detection and adequate solution avail-

ability. PPK and conventional post-processed PPP are therefore unsuitable for real-time 
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wave monitoring. When both high precision and real-time operation are required, RTK, 

real-time PPP and TDCP-based velocity estimation are better suited. 

3. Wave-Parameter Retrieval Methods for GNSS Buoys 

Wave parameters quantify sea-surface variability and wave propagation. Their esti-

mation generally follows two approaches: time-domain zero-crossing analysis of individ-

ual waves and spectral analysis of wave-energy distributions [53]. Zero-crossing analysis 

partitions a surface-elevation record at successive zero crossings to derive individual 

wave heights, periods and their statistics. However, a small set of bulk parameters cannot 

fully describe the sea state. In mixed seas containing both wind-sea and swell components, 

similar bulk wave heights and periods may mask markedly different energy partitioning 

and structures among wave systems [54,55]. By resolving wave energy across frequency, 

direction and wavenumber, spectral analysis therefore provides a more informative basis 

for wave-parameter retrieval from GNSS buoys [56]. 

3.1. Sea State Measurement Using the Wave Spectrum 

3.1.1. Wave Spectrum Estimation Methods 

Over short intervals and spatially limited domains, sea-surface elevation can often 

be approximated as a stationary random process [57]. Under linear stochastic wave the-

ory, an irregular sea surface is represented as a superposition of harmonic components 

with different amplitudes, frequencies, phases and propagation directions [58]. Table 5 

summarizes the principal methods for estimating the one-dimensional frequency spec-

trum 𝐸(𝑓) from observed time series. The periodogram, autocorrelation-function, Bart-

lett and Welch methods are classical Fourier-based estimators. Bartlett and Welch reduce 

estimation variance by segmenting the record and averaging the resulting periodograms, 

whereas autoregressive methods estimate the spectrum using a parametric model. Multi-

taper estimation balances spectral-leakage suppression against estimator variance, while 

wavelet spectral analysis and the Hilbert–Huang transform resolve the time-frequency 

structure of non-stationary wave processes. Incorporating propagation direction yields 

the two-dimensional frequency-direction spectrum 𝐸(𝑓, 𝜃), which describes the joint dis-

tribution of wave energy across frequency and direction. The one- and two-dimensional 

spectra are related by Equation (2): 

𝐸(𝑓, 𝜃) = 𝐸(𝑓)𝐺(𝑓, 𝜃) (2) 

Here, 𝐺(𝑓, 𝜃) denotes the directional spreading function. Equation (2) expresses the 

two-dimensional frequency-direction spectrum as the product of the one-dimensional fre-

quency spectrum and the directional spreading function. When 𝐺(𝑓, 𝜃)  is normalized 

over direction, integrating 𝐸(𝑓, 𝜃)  with respect to 𝜃  recovers 𝐸(𝑓). T he d irectional  

spreading function can be estimated using Equation (3): 

𝐺(𝑓, 𝜃) =
1

𝜋
[
1

2
+ 𝑎1 cos(𝜃) +𝑏1 sin(𝜃) + 𝑎2 cos(2𝜃) +𝑏2 sin(2𝜃) + ⋯] (3) 

Equation (3) represents 𝐺(𝑓, 𝜃) as a Fourier series in 𝜃, with 𝑎1, 𝑏1, 𝑎2 and 𝑏2 de-

noting the directional Fourier coefficients. These coefficients are typically estimated from 

the auto- and cross-spectra of synchronized motion components. Autospectra quantify 

the energy of each component across frequencies, whereas cross-spectra capture the am-

plitude correlations and phase differences between components, from which wave-prop-

agation direction and directional spreading can be inferred. Conventional directional 

wave buoys analyse heave, pitch and roll records or the corresponding three-component 

acceleration signals [59]. GNSS buoys can instead use positioning-derived vertical and 

two orthogonal horizontal displacements, a combination of vertical displacement and two 

horizontal velocities or three-component velocity records. Multi-component spectral 
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analysis of these observations yields the directional Fourier coefficients and hence the di-

rectional spreading function [28]. 

It should be noted that the one-dimensional energy spectrum and the first four direc-

tional Fourier coefficients obtained from single-point, three-component motion observa-

tions, collectively referred to as the First Five, can be used to estimate statistical quantities 

such as the mean wave direction and directional spreading [60]. However, these coeffi-

cients contain only the first two orders of the Fourier representation of the directional dis-

tribution function and therefore cannot uniquely determine the full two-dimensional di-

rectional spectrum. When multiple wave systems overlap in similar frequency ranges, the 

limited directional information can also make it difficult to resolve closely spaced direc-

tional peaks. Previous studies have shown that under certain conditions, high-quality 

First Five data can distinguish two wave systems at the same frequency when their prop-

agation directions differ by approximately 60° or more. The actual directional resolution, 

however, depends on the directional separation, relative energy and directional spreading 

of the wave systems, as well as on the spectral estimation method used [59]. Reconstruct-

ing the full directional distribution generally requires methods such as truncated Fourier-

series, maximum entropy or maximum likelihood estimation. These methods nevertheless 

differ in both resolution and limitations. Direct truncation of the Fourier series may pro-

duce non-physical negative energy, whereas weighting schemes may excessively broaden 

the directional spectrum [61]. The maximum entropy method may generate overly narrow 

or spurious directional spectral peaks, while the smoothing inherent in maximum likeli-

hood estimation may obscure closely spaced wave systems [62]. Accordingly, directional 

spectra inferred from GNSS buoy observations should be regarded as estimates jointly 

constrained by limited directional observations and the reconstruction method. In com-

plex multimodal sea states with overlapping frequencies and propagation directions, the 

number, propagation directions and directional spreading of spectral peaks should there-

fore be interpreted with caution. 

Table 5. Representative methods for estimating one-dimensional wave frequency spectra from ob-

servations. 

Method Principle Advantages Limitations Reference 

Periodogram method 
Fourier transform of the ob-

served record 

Simple and intuitive; clear 

peak detection 

Sensitive to spectral leakage 

and noise 
[63] 

Autocorrelation-function 

method 

Fourier transform of the autocor-

relation function 

Suitable for stationary pro-

cesses; clear physical basis 

Sensitive to lag length, trun-

cation and smoothing 
[64] 

Bartlett method 
Average of periodograms from 

non-overlapping segments 

Lower variance; smoother 

spectra 

Reduced frequency resolu-

tion; limited data use 
[65] 

Welch method 

Average of windowed periodo-

grams from overlapping seg-

ments 

Lower variance and leakage; 

widely applicable 

Requires selection of win-

dow, overlap and segment 

length 

[66] 

Autoregressive spectral 

estimation 

Parametric spectrum derived 

through linear prediction 

High resolution for short 

records 

Sensitive to model order; 

possible spurious peaks 
[67] 

Wavelet spectral analysis 
Time-frequency energy derived 

through wavelet transforms 

Suitable for non-stationary 

seas and wave-group evolu-

tion 

Sensitive to mother wavelet, 

scale and boundary effects 
[68] 

Multitaper spectral esti-

mation 

Weighted average of spectra ob-

tained using orthogonal tapers 

Low leakage with stable es-

timates 

Complex parameter selec-

tion 
[69] 

Hilbert-Huang transform 

EMD followed by Hilbert analy-

sis of instantaneous frequency 

and energy 

Suitable for nonlinear and 

non-stationary waves 

Mode mixing, end effects 

and non-unique decomposi-

tion 

[70] 
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3.1.2. Wind-Sea and Swell Identification Methods 

Once a wave spectrum has been retrieved from the observations, separating wind sea 

from swell helps resolve the structure of the sea state and improves the interpretation of 

complex wave conditions. For one-dimensional spectra, this separation relies primarily 

on selecting an appropriate separation frequency. Table 6 summarizes representative 

methods. Early approaches, including the PM and wave-steepness methods, used empir-

ical criteria derived from fully developed wind-sea spectra, wave steepness or wind-speed 

constraints. Although simple and suitable for operational use, they are sensitive to wind 

input, assumptions about wind-sea development and spectral-peak structure. Later meth-

ods, such as JP and HP, combined spectral partitioning with wave-system identification 

rather than relying on a single separation frequency, improving their applicability to mul-

timodal spectra and mature wind seas. More recently, deep-learning and probabilistic ap-

proaches have extended wind-sea and swell identification to one-dimensional spectra and 

other non-directional observations. These methods have modest data requirements, but 

uncertainty remains when wind sea and swell occupy similar frequency ranges while 

propagating in different directions. 

Table 6. Wind-sea and swell separation methods for one-dimensional frequency spectra. 

Method Required Data Core Principle Advantages Limitations Reference 

Pierson-Moskowitz 

peak-frequency 

method (PM) 

𝐸(𝑓); wind 

speed 

Separation frequency from a 

fully developed wind-sea 

spectrum 

Simple formulation 

Requires wind speed and 

a fully developed wind 

sea 

[71] 

Wave-steepness 

method 
𝐸(𝑓) 

Separation frequency from 

the peak of a wave-steepness 

function 

No wind or direc-

tional data required 

Sensitive to spectral 

shape and swell fraction 
[72] 

Modified wave-steep-

ness method 

𝐸(𝑓); wind 

speed 

Wind-speed correction of the 

separation frequency 

Fewer errors at low 

wind speeds 

Requires empirical 

thresholds and wind 

data 

[73] 

Spectral partitioning 

and identification 

method (JP) 

𝐸(𝑓) 

Partition the spectrum, then 

identify wave-system attrib-

utes 

Suitable for multi-

modal spectra 

Limited for frequency-

overlapping systems 

with different directions 

[74] 

Spectrum-integration 

method (HP) 
𝐸(𝑓) 

Separation frequency from 

weighted spectral integra-

tion 

More stable than the 

wave-steepness 

method 

Lacks directional resolu-

tion 
[75] 

Deep neural network 

method 

𝐸(𝑓); optional 

wind speed 

Direct prediction of wind-

sea and swell parameters 

Captures nonlinear 

relationships 

Depends on training data 

and regional representa-

tiveness 

[76] 

Probabilistic swell-

identification method 

Wave statistics 

or nondirec-

tional data 

Identification from joint 

probability relationships 

Suitable without di-

rectional data 

Depends on stable statis-

tical relationships 
[77] 

Table 7 summarizes methods for separating wind sea and swell using two-dimen-

sional wave spectra. Unlike one-dimensional frequency spectra, frequency-direction spec-

tra resolve both wave frequency and propagation direction, enabling multiple wave sys-

tems to be distinguished in complex mixed seas. Most methods comprise two stages. The 

directional spectrum is first partitioned into wave systems associated with local spectral 

peaks. Each partition is then classified as wind sea or swell using wave age, the local wind 

vector, wind-input conditions or spectral-peak energy. Methodological development has 

progressed from directional partitioning and watershed segmentation to wave-system 

identification and tracking, model-based partitioning, overshoot detection and dynamic 

partitioning. Recent studies have further adapted these methods to finite-depth waters, 

strong winds, wave refraction and multi-source observations. By resolving directional dif-

ferences, two-dimensional methods can distinguish wave systems that overlap in 
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frequency and therefore outperform one-dimensional methods in complex mixed seas. 

Their reliability nevertheless depends critically on directional-spectrum quality, concur-

rent wind data, water depth and algorithmic thresholds. For GNSS buoys, these benefits 

remain contingent on robust retrieval of the frequency-direction spectrum. 

Table 7. Wind-sea and swell separation methods for two-dimensional frequency-direction spectra. 

Method Required Data Core Principle Advantages Limitations Reference 

Spectral-partitioning 

algorithm (SPA) 
𝐸(𝑓, 𝜃) 

Local-peak-based wave-

system partitioning 

Foundational partition-

ing framework 

Requires separate 

wind-sea/swell classifi-

cation 

[78] 

Inverse catchment-area 

partitioning 
𝐸(𝑓, 𝜃) 

Assignment of spectral 

bins to local energy 

peaks 

Suitable for multi-

modal spectra 

Sensitive to noise peaks 

and thresholds 
[79] 

Optimal interpolation 

of partitions (OI-P) 

𝐸(𝑓, 𝜃) or partition 

parameters 

Partition representation 

by energy, frequency and 

direction 

Reduces spectral-as-

similation dimensions 

Depends on partition 

matching 
[80] 

Wave Identification 

and Tracking System 

(WITS) 

𝐸(𝑓, 𝜃); wind field 

Partitioning, wave-age 

classification and swell 

tracking 

Enables swell-source 

tracking 

Depends on wind 

fields and thresholds 
[81] 

Wave Spectrum Energy 

Partitioning (WaveSEP) 
𝐸(𝑓, 𝜃); wind field 

Wave-age-based wind-

sea/swell classification 

Suitable for operational 

model outputs 

Strong dependence on 

empirical thresholds 
[82] 

Dynamic partitioning 

using sequential Monte 

Carlo 

Time series of 
𝐸(𝑓, 𝜃) 

Sequential tracking of 

wave-system evolution 

Improves separation of 

adjacent systems 

High computational 

complexity 
[83] 

Overshoot-phenome-

non method 

𝐸(𝑓, 𝜃); partitioned 

spectra 

Comparison with PM 

peak energy at the same 

frequency 

No wind-field data re-

quired 

Delayed response dur-

ing growth and decay 
[84] 

HF-radar directional-

spectrum partitioning 

HF-radar-derived 

wavenumber–di-

rection spectrum  

Partitioning of radar-de-

rived spectra 

Reveals nearshore spa-

tial variability 

Sensitive to inversion 

accuracy and signal-to-

noise ratio 

[85] 

Finite-depth WA/OP 

separation 

𝐸(𝑓, 𝜃); wind field; 

water depth 

Finite-depth correction of 

WA/OP criteria 

Suitable for shallow 

and finite-depth waters 

WA threshold sensitiv-

ity; OP response lag 
[86] 

Duration-limited 

growth method 

𝐸(𝑓, 𝜃); wind field; 

depth; refraction 

data 

Inclusion of growth du-

ration and refraction 

Reduces errors under 

strong winds and shal-

low-water conditions 

Requires extensive en-

vironmental data 
[87] 

Several GNSS buoy studies have used 0.125–0.127 Hz to separate wind sea from swell. 

Comparisons with acceleration-based Datawell buoys show close agreement in parti-

tioned significant wave height. Patra reported correlation coefficients of 0.97 for wind sea 

and 0.89 for swell, whereas Beckman obtained an RMSE of 0.05 m for both partitions and 

corresponding 𝑟2 values of 0.98 and 0.92 [88,89]. Agreement was weaker for period and 

directional parameters. Beckman reported peak-period RMSEs of 1.14 s for wind sea and 

4.79 s for swell, together with positive directional-spreading biases of 10.03° and 8.22°, 

respectively. The GNSS buoy also detected approximately 46% fewer multimodal direc-

tional-spectrum events than the Datawell buoy [89]. In a long-term comparison, the cor-

relation in band-limited significant wave height between Spotter and Waverider fell to 

0.49 within the 0.03–0.06 Hz band, with an RMSE of 0.15 m [90]. These results suggest that 

GNSS buoys can reliably recover integrated energy within wind-sea and swell partitions, 

whereas swell peak period, directional spreading and complex wave-system identifica-

tion remain more sensitive to low-frequency response and directional resolution. 

3.2. Conversion of GNSS Observables to Wave Spectra 

For displacement-based GNSS buoys, vertical displacement is used to estimate the 

one-dimensional frequency spectrum, typically using Fourier-based spectral estimators. 
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Together with the vertical component, the two horizontal displacement components pro-

vide the directional information required to construct the two-dimensional frequency-di-

rection spectrum. The orthogonal horizontal displacements are first transformed into a 

local east-north frame. Spectral analysis of the resulting vertical, eastward and northward 

displacement series then yields their auto-spectra and pairwise cross-spectra. Because the 

directional spreading function 𝐺(𝑓, 𝜃) can be expressed as a Fourier series in 𝜃, these 

spectral relationships determine the directional Fourier coefficients and hence the distri-

bution of wave energy over direction at each frequency. 

As described in Section 2.2.2, velocity observations enter wave spectral analysis 

through either time-domain integration or direct frequency-domain conversion. In the 

first pathway, the vertical and horizontal velocity time series are integrated to obtain 

equivalent displacements, after which the standard displacement-based workflow ap-

plies. The vertical displacement yields 𝐸(𝑓), while the combined vertical and horizontal 

components determine 𝐺(𝑓, 𝜃) and hence 𝐸(𝑓, 𝜃). In the second pathway, spectra are es-

timated directly from the velocity records. For example, the vertical-velocity spectrum 

𝑆𝑤
′ (𝑓) can be estimated from 𝑤(𝑡) using any of the methods listed in Table 5. The esti-

mation framework is unchanged, but 𝑆𝑤
′ (𝑓) describes the frequency distribution of ver-

tical-velocity variance rather than displacement variance. It can then be converted into an 

equivalent displacement spectrum using Equation (4). 

𝑆𝜂(𝑓) =
𝑆𝑤

′ (𝑓)

(2𝜋𝑓)2
 (4) 

Here, 𝑆𝑤
′ (𝑓)  denotes the vertical-velocity spectrum, 𝑆𝜂(𝑓)  the vertical-displace-

ment spectrum obtained from the velocity spectrum, corresponding to the one-dimen-

sional wave frequency spectrum, and 𝑓 the frequency. Because velocity is the first-order 

time derivative of displacement, the velocity and displacement spectra differ in the fre-

quency domain by a frequency-dependent factor of (2𝜋𝑓)2. T he s ea -surface elevation 

spectrum can therefore be recovered by applying the corresponding frequency-factor cor-

rection to the vertical-velocity spectrum. For the two-dimensional frequency-direction 

spectrum, the auto- and cross-spectral analysis described in Section 3.1.1 can be used to 

estimate the directional Fourier coefficients and subsequently construct the directional 

spreading function 𝐺(𝑓, 𝜃).  Moreover, converting a velocity spectrum into a displace-

ment spectrum does more than establish a frequency-domain relationship between the 

two observables. It also imposes frequency-dependent weighting on velocity-measure-

ment errors. Equation (4) therefore describes both the transformation of the velocity signal 

into a displacement spectrum and the frequency-domain propagation of velocity-meas-

urement errors. Because GNSS velocity observations inevitably contain measurement 

noise, the measured vertical velocity can be represented as the sum of the true velocity 

and an uncorrelated measurement-error term. The corresponding measured velocity 

power spectrum is then the sum of the true-velocity power spectrum and the power spec-

tral density of the measurement error. Neglecting buoy dynamics and filter attenuation, 

the contribution of velocity-measurement errors to the reconstructed displacement spec-

trum is given by Equation (5). 

∆𝑆𝜂(𝑓) =
𝑆𝑒𝑣

(𝑓)

(2𝜋𝑓)2
 (5) 

Here, ∆𝑆𝜂(𝑓)  denotes the additional spectral energy introduced into the recon-

structed displacement spectrum by velocity-measurement errors, and 𝑆𝑒𝑣
(𝑓) denotes the 

power spectral density of the vertical velocity-measurement error. 

When the velocity-noise spectral density is comparable, the contribution of measure-

ment error to the reconstructed displacement spectrum increases as frequency decreases, 

indicating a pronounced sensitivity to low-frequency noise. For example, reducing the 

frequency from 0.20 Hz to 0.05 Hz increases the corresponding displacement-spectrum 
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noise contribution by a factor of 16 for the same velocity-noise spectral density. The fre-

quency-domain transformation applies the same frequency weighting to the true signal 

and measurement noise at a given frequency and therefore does not directly alter the sig-

nal-to-noise ratio at that frequency. It can nevertheless cause low-frequency measurement 

noise to appear as substantial spurious energy in the reconstructed displacement spec-

trum. In practical processing, high-pass filtering suppresses this spurious low-frequency 

energy but also affects the recovery of the true wave spectrum. A higher cutoff frequency 

may attenuate or remove the low-frequency energy associated with long-period waves, 

whereas a lower cutoff frequency retains more genuine wave energy at the cost of allowing 

more residual noise to enter the reconstructed spectrum. The recovery of low-frequency 

wave energy therefore depends not only on the velocity-to-displacement spectral conver-

sion but also on the high-pass cutoff frequency and the filter’s actual frequency response. 

3.3. Wave-Parameter Retrieval from Wave Spectra 

Significant wave height is a primary descriptor of sea state and a core output of GNSS 

wave-buoy analyses. Under linear stochastic wave theory, its spectral estimate is ex-

pressed as four times the standard deviation of sea-surface elevation. The zeroth spectral 

moment 𝑚0, obtained by integrating the spectral density over the full frequency range, 

represents the variance of sea-surface elevation. Significant wave height can therefore be 

derived from the wave spectrum using Equation (6). 

𝐻𝑠 = 4√𝑚0 (6) 

Wave-period parameters are characteristic quantities derived from the frequency-

domain wave spectrum. Common measures include the spectral-moment periods 𝑇𝑚02, 

𝑇𝑚01 and 𝑇𝑚−10, together with the peak wave period 𝑇𝑝, as defined in Equations (7)–(10). 

Defined from the zeroth and second spectral moments, 𝑇𝑚02 closely approximates the 

time-domain mean zero-crossing period and is therefore widely used as a spectral meas-

ure of mean wave period. It is, however, sensitive to the high-frequency spectral tail. 𝑇𝑚01 

characterizes the mean frequency content of the full spectrum and is less sensitive to high-

frequency energy. By placing greater weight on low-frequency components, 𝑇𝑚−10 better 

captures the contribution of long-period waves and is particularly relevant to wave-en-

ergy flux and nearshore engineering. The peak period 𝑇𝑝, determined from the spectral 

peak frequency 𝑓𝑝, represents the energy-dominant wave system and can help identify 

the principal system in multimodal seas. 

𝑇𝑚02 = √
𝑚0

𝑚2

 (7) 

𝑇𝑚01 =
𝑚0

𝑚1

 (8) 

𝑇𝑚−10 =
𝑚−1

𝑚0

 (9) 

𝑇𝑝 =
1

𝑓𝑝

 (10) 

Here, 𝑚𝑛 is the spectral moment of order 𝑛, as defined in Equation (11): 

𝑚𝑛 = ∬ 𝑓𝑛𝐸(𝑓, 𝜃)𝑑𝑓𝑑𝜃 (11) 

The principal wave-direction parameters are the peak and mean wave directions. The 

peak direction represents the dominant wave system and is determined from the spectral 

peak of 𝐸(𝑓, 𝜃), whereas the mean direction characterizes the overall wave-propagation 

direction and is defined by Equation (12): 

https://doi.org/10.3390/electronics15225331


Electronics 2026, 15, 5331 17 of 36 
 

https://doi.org/10.3390/electronics15225331 

𝜃̅ = 𝑎𝑟𝑐𝑡𝑎𝑛2 (∫ 𝐸(𝑓, 𝜃) 𝑠𝑖𝑛 𝜃 𝑑𝑓𝑑𝜃 , ∫ 𝐸(𝑓, 𝜃) 𝑐𝑜𝑠 𝜃 𝑑𝑓𝑑𝜃) (12) 

Here, 𝑎𝑟𝑐𝑡𝑎𝑛2 denotes the two-argument arctangent function, with the signs of the 

integrated sine and cosine components determining the quadrant of the mean wave di-

rection. Equation (12) adopts the “FROM” convention, in which the reported wave direc-

tion indicates the direction from which the waves arrive, with true north defined as 0°. In 

essence, the equation performs an energy-weighted average of the directional information 

across the full spectrum, yielding the mean wave direction for the sea state as a whole. For 

single-point, long-term observation platforms such as GNSS buoys, the mean wave direc-

tion is typically estimated within this frequency–direction spectral framework. 

3.4. Accuracy Analysis 

Different buoy technologies retrieve wave parameters by measuring buoy motion in 

response to waves. Although accelerometer-based and GNSS buoys differ markedly in 

their raw observables and how measurement errors are characterized, both ultimately ex-

press buoy motion in terms of displacement-equivalent quantities. To provide a common 

basis for comparison, this section considers the accuracy of both buoy types at three levels: 

raw observables, equivalent displacement and wave parameters. Representative studies 

are summarized in Table 8. The accuracy metrics used across studies are not uniform, and 

most studies focus on final wave parameters while providing limited accuracy infor-

mation for intermediate motion estimates. The symbol “\” therefore indicates that the 

corresponding value was not reported separately in the cited study. 𝐻𝑠 denotes signifi-

cant wave height; 𝑇𝑚, the mean wave period; 𝑇𝑝, peak period; 𝐷, wave direction, includ-

ing peak direction 𝐷𝑝 and mean direction 𝐷𝑚. Moreover, the statistical metrics reported 

in Table 8 characterize measurement agreement and error behavior from complementary 

perspectives. The correlation coefficient (𝑅) quantifies the strength of the linear association 

between two sets of observations but does not directly measure their numerical discrep-

ancy. RMSE quantifies the overall difference between the evaluated and reference values. 

STD describes data dispersion, although its interpretation depends on the quantity being 

summarized. NRMSE normalizes RMSE by a specified reference scale, whereas relative 

error expresses the measurement difference as a fraction of the reference value. Bias de-

notes the mean difference between the evaluated and reference values. These metrics may 

be calculated differently across studies because of differences in error definitions, normal-

ization procedures and the statistical quantities considered. They should therefore be in-

terpreted in accordance with the definitions provided in the original references. 

Table 8. Accuracy comparison across buoy technology pathways. 

Buoy Approach Reference 
Raw-Observable 

Accuracy 

Equivalent-Displace-

ment Accuracy 

Wave Parameter Com-

parison Method 
Wave-Parameter Results 

Accelerometer-

based 
[91] 75–430 μg/√Hz \ 

Accelerometer-based 

buoy versus fixed wave 

gauge 

𝐻𝑠, Relative error ≤ 2% 

Accelerometer-

based 
[92] \ \ 

GNSS (PPK) versus accel-

erometer (same buoy) 
𝐻𝑠, RMSE = 6.5 cm 

Velocity-based 

(Doppler) 
[9] \ 

Three-dimensional 

motion accuracy: 
1 cm 

GNSS versus accelerome-

ter (same buoy) 

𝐻𝑠, 𝑅 = 0.99; 𝑇𝑝, 𝑅 = 0.98; 

𝐷𝑝, 𝑅 = 0.99 

Displacement-based [93] \ \ 
GNSS versus accelerome-

ter (same buoy) 

𝐻𝑠, 𝑅 = 0.99, 

𝑇𝑚, 𝑅 = 0.99 

𝐻𝑠, RMSE = 7.1 cm 

𝑇𝑚, RMSE = 0.28 s 
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Velocity-based 

(Doppler) 
[21] \ 

Versus prescribed dis-

placement (wave-gen-

eration test): mean 

vertical-amplitude de-

viation = 4% 

GNSS versus accelerome-

ter (same buoy) 

𝐻𝑠, NRMSE = 4.2%; 𝑇𝑚, 

NRMSE = 4.4%; mean wave-

direction deviation = 10.5° 

Velocity-based 

(Doppler) 
[24] \ \ 

GNSS buoy versus accel-

erometer-based buoy 

(Datawell DWR-MkIII) 

𝐻𝑠, RMSE = 5.02 cm; 𝑇𝑚, 

RMSE =  0.22 s, wave-direc-

tion RMSE = 9.27° 

Velocity-based (var-

iometric) 
[4] 

3 mm/s (1 Hz; esti-

mated vertical ve-

locity error). 

Versus PPP: vertical 

displacement STD =
11.0 cm 

GNSS carrier-phase-

based buoy versus Dop-

pler-based GNSS buoy 

(Datawell DWR-G4) 

𝐻𝑠, RMSE = 3.4 cm; 𝑇𝑚, 

RMSE = 0.16 s 

Velocity-based 

(TDCP) 
[26] 

8.8 mm/s (1 Hz; 

vertical STD of 

static L1 TDCP 

measurements) 

Versus PPK: vertical 

displacement STD =
1.84 cm 

GNSS TDCP versus PPK 

solutions 
𝐻𝑠, STD = 0.7 cm; 𝑇𝑚, 𝑆𝑇𝐷 =

0.1 s 

Velocity-based (var-

iometric) 
[27] \ 

Versus PPK: horizon-

tal RMSE = 1 cm; 

vertical RMSE = 3 cm 

GNSS variometric versus 

PPK solutions 

 𝐻𝑠, RMSE = 3 cm; 𝑇𝑚, RMSE 

= 0.12 s; 𝐷, RMSE = 1.05° 

Displacement-based 

(PPP and PPK) 
[25] 

PPK: 1–3 cm (vs. 

tide gauge); still-

water noise STD: 

1.8 cm. 

\ 
GNSS PPP vs. PPK solu-

tions 
𝐻𝑠, RMSE = 1.3 − 1.4 cm 

Intercomparisons between GNSS buoys and conventional accelerometer-based 

buoys have shown that the RMSEs of 𝐻𝑠 reported by Bender and Qi were both on the 

order of a few centimeters. Doong reported a normalized error of 4.2% after data pro-

cessing, while the same-buoy intercomparison conducted by de Vries also showed a very 

high correlation. Similar behavior has been observed among different GNSS technology 

approaches, with 𝐻𝑠  estimates from several studies showing overall good agreement. 

Although the studies used different evaluation metrics, reference instruments, frequency-

processing conditions and experimental environments, making direct comparisons of ac-

curacy difficult, further analysis of the supplementary experiments reported in the rele-

vant literature indicates that differences in raw observation accuracy were not reflected 

proportionally in the final wave parameters. Liu estimated the vertical velocity errors of 

the variometric and Doppler methods to be approximately 31 and 186 mm/s, respectively, 

yet their 𝐻𝑠 RMSEs relative to the Datawell DWR-G4 were only 3.4 and 4.1 cm. Doong 

found that insufficiently processed GPS data yielded an 𝐻𝑠 correlation coefficient below 

0.5, whereas outlier treatment and frequency cut-off increased the coefficient to above 

0.95. Bender showed that an acceleration-based processing method with insufficient cor-

rection for attitude effects could lead to an average overestimation of 𝐻𝑠 of approximately 

26%. These results indicate that raw observation accuracy alone does not determine the 

consistency of the final wave parameters; data-quality control, attitude correction and 

spectral processing also have important effects. 

Further comparison of results obtained under different validation conditions within 

the same study indicates that intercomparisons among processing methods applied to the 

same GNSS observations generally yield higher agreement than comparisons with inde-

pendent buoys. For example, in Xue et al., the RMSEs of 𝐻𝑠 and 𝑇𝑚 between the Variom-

etric and PPK methods were 3 cm and 0.12 s, respectively. When compared with an inde-

pendent Datawell buoy, these values increased to 0.05 m and 0.75 s. The multiple inter-

comparison experiments by Yang and Zhu summarized in Table 8 showed a similar pat-

tern. Under identical GNSS observation conditions, different processing methods can gen-

erally produce consistent estimates of 𝐻𝑠 and some period parameters. This agreement 

should not, however, be equated directly with agreement between independent wave-
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measurement systems, because the latter may also reflect differences in buoy response, 

mooring conditions, spatial separation, sampling conditions and errors in the reference 

instruments. 

Existing intercomparisons of wave parameters indicate that different technology ap-

proaches generally show good agreement in 𝐻𝑠. By comparison, although the overall dif-

ferences in period parameters remain relatively small, their stability depends on the pe-

riod definition. Mean period generally remains in good agreement, whereas peak period 

𝑇𝑝 is more susceptible to deviations in multimodal spectra or when the spectral-peak lo-

cation changes. Directional parameters show larger discrepancies. For example, the wave-

direction differences reported by Doong and Qi were both close to 10°, and Patra found 

a lower correlation for total wave direction than for 𝐻𝑠. The agreement improved sub-

stantially after wind sea and swell were separated. 

To understand the agreement in wave parameters across different technology ap-

proaches, it is first necessary to examine the transformation relationships linking their raw 

motion observables. Accelerometer-based, GNSS velocity-based and GNSS displacement-

based buoys measure acceleration 𝑎(𝑡), v elocity  𝑣(𝑡)  and displacement 𝜂(𝑡), r espec- 

tively. These quantities describe different orders of wave-induced buoy motion and are 

related by Equations (13) and (14): 

𝑣(𝑡) =
𝑑𝜂(𝑡)

𝑑𝑡
 (13) 

𝑎(𝑡) =
𝑑2𝜂(𝑡)

𝑑𝑡2
 (14) 

In the frequency domain, with angular frequency 𝜔 = 2𝜋𝑓, the velocity and acceler-

ation spectra can each be converted into a sea-surface displacement spectrum according 

to Equations (15) and (16), respectively: 

𝑆𝜂(𝑓) =
𝑆𝑣(𝑓)

(2𝜋𝑓)2
 (15) 

𝑆𝜂(𝑓) =
𝑆𝑎(𝑓)

(2𝜋𝑓)4
 (16) 

Here, 𝑆𝜂(𝑓), 𝑆𝑣(𝑓) and 𝑆𝑎(𝑓) are the displacement, velocity and acceleration power 

spectra, respectively. Displacement-based GNSS buoys estimate 𝑆𝜂(𝑓) directly from dis-

placement time series, placing all three approaches on a common basis: the sea-surface 

displacement spectrum. More importantly, the above relationships determine how obser-

vation errors are transferred across frequency. In terms of power-spectral density, velocity 

noise contributes to the displacement spectrum with an 𝑓−2 weighting, whereas acceler-

ation noise is weighted by 𝑓−4. Equation (5) explicitly quantifies the contribution of ve-

locity-measurement errors to the additional noise in the reconstructed displacement spec-

trum. Direct displacement measurements, by contrast, are not subject to this integration-

induced frequency weighting. Their absolute-positioning errors may nevertheless contain 

static biases and low-frequency drift, which cannot be directly equated with dynamic-

displacement errors within the target wave-frequency band. 

For wave parameters derived from spectral moments, errors in the displacement 

spectrum first propagate into each spectral moment through frequency-weighted integra-

tion. This relationship is expressed by Equation (17). 

𝛿𝑚𝑛 = ∫ 𝑓𝑛𝛿𝑆𝜂(𝑓) 𝑑𝑓
𝑓ℎ

𝑓𝑙

 (17) 

Here, 𝛿𝑚𝑛 denotes the error in the spectral moment of order 𝑛, 𝛿𝑆𝜂(𝑓) denotes the 

difference between the reconstructed and true displacement spectra and 𝑓𝑙 and 𝑓ℎ are 

the lower and upper frequency limits used in the spectral-moment calculation, respec-

tively. Observation errors therefore propagate through a sequence of stages: conversion 
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from the raw observations to the displacement spectrum, integration of displacement-

spectrum errors into spectral-moment errors and propagation of spectral-moment errors 

into the derived wave parameters. Errors in the displacement spectrum, however, are not 

transferred proportionally to significant wave height. Their effect depends mainly on the 

frequency range in which they occur and on their contribution to the total spectral energy 

within the target wave band. Under linear random wave theory, significant wave height 

is defined by Equation (6), and first-order error propagation yields Equation (18). 

𝛿𝐻𝑠

𝐻𝑠

≈
𝛿𝑚0

2𝑚0

≈
1

2𝑚0

∫ 𝛿𝑆𝜂(𝑓)𝑑𝑓
𝑓ℎ

𝑓𝑙

 (18) 

Here, 𝛿𝑆𝜂(𝑓)  is the displacement-spectrum error, and 𝑓𝑙  and 𝑓ℎ  define the fre-

quency band used for wave-parameter estimation. A local spectral error affects 𝐻𝑠 

through its contribution to the integrated energy, and hence to the zeroth spectral moment 

𝑚0, rather than through its amplitude at a single frequency. An error confined to a narrow 

band with little contribution to the total energy therefore has a limited effect on 𝐻𝑠. Be-

cause 𝐻𝑠 scales with √𝑚0, first-order propagation under small perturbations also halves 

the relative error transferred from 𝑚0 to 𝐻𝑠. High-pass or band-pass filtering further lim-

its the frequencies entering the integral, so low-frequency positioning drift and integra-

tion-induced noise need not contribute fully to the final estimate. Accordingly, if different 

technology approaches recover the spectral energy within the dominant wave-frequency 

band with sufficient fidelity, while residual spectral errors contribute only modestly to the 

zeroth spectral moment, their retrieved significant wave heights may still agree well de-

spite differences in raw-observation accuracy and local spectral errors. 

Mean wave periods depend on combinations of spectral moments. For 𝑇𝑚02, first-

order error propagation yields Equation (19): 
𝛿𝑇𝑚02

𝑇𝑚02

≈
1

2
(

𝛿𝑚0

𝑚0

−
𝛿𝑚2

𝑚2

) (19) 

The corresponding error in the second spectral moment, 𝛿𝑚2, is given by Equation 

(20): 

𝛿𝑚2 = ∫ 𝑓2𝛿𝑆𝜂(𝑓)𝑑𝑓
𝑓ℎ

𝑓𝑙

 (20) 

Whereas 𝑚0  applies no additional frequency weighting, the 𝑓2  factor in 𝑚2  in-

creases the contribution of high-frequency spectral errors. Errors in the spectral tail may 

therefore have little effect on total energy or 𝐻𝑠 but a greater effect on the mean period 

through 𝑚2. Consistent with this, Xue et al. reported a mean-period difference of approx-

imately 0.28 s between sampling rates of 1.28 and 5 Hz while holding the input JONSWAP 

spectrum fixed and attributed it to high-frequency contributions to the period estimate. 

Mean periods nevertheless integrate information across the frequency band and are gen-

erally less affected by isolated spectral perturbations than 𝑇𝑝, which depends on the loca-

tion of the largest peak. When a spectrum has multiple peaks of comparable energy, mod-

est observation noise or differences in frequency resolution or spectral estimation can 

change the identified dominant peak, producing a larger difference in 𝑇𝑝. 

Directional estimates show larger discrepancies because they depend on both spec-

tral energy and the correlation and phase relationships between horizontal and vertical 

motion components. A first-order approximation to the error in mean wave direction is 

given by Equation (21): 

𝛿𝐷𝑚 ≈
𝑎1𝛿𝑏1 − 𝑏1𝛿𝑎1

𝑎1
2 + 𝑏1

2  (21) 

Here, 𝑎1 and 𝑏1 are the first-order cosine and sine moments of the directional dis-

tribution (Equation (12)). Because mean wave direction depends on their relative values, 

it is sensitive not only to spectral-energy errors but also to the redistribution of energy 

across directions. Directionally concentrated waves have a larger 𝑎1
2 + 𝑏1

2  and a more 
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stable direction estimate. With broader spreading or multiple wave systems, contributions 

to the directional moments may partially cancel, reducing 𝑎1
2 + 𝑏1

2 and amplifying the 

directional response to a given spectral perturbation. Consequently, similar total spectral 

energy across measurement approaches does not guarantee similar mean wave directions 

if horizontal motion, phase relationships or directional energy distributions differ. This 

greater sensitivity helps explain why directional parameters often agree less closely than 

𝐻𝑠 and mean period. 

The retrieval accuracy of long-period swell is jointly controlled by low-frequency 

noise and the filtering strategy. If low-frequency noise is not adequately suppressed, its 

amplification in the displacement spectrum can lead to an overestimation of spectral en-

ergy within the swell band and affect swell height and mean period through the zeroth 

and negative-first spectral moments. If a spurious low-frequency peak exceeds the true 

spectral peak, the peak period may also be misidentified. Increasing the high-pass cutoff 

frequency can reduce low-frequency noise but may also attenuate genuine long-period 

swell signals. This can cause the swell spectral energy and corresponding wave height to 

be underestimated and may even alter the identified spectral peak. Low-frequency filter-

ing should therefore be understood as a trade-off between suppressing spurious spectral 

energy and preserving genuine long-period signals, rather than as a simple noise-removal 

procedure. Consequently, even when different technology approaches yield similar over-

all significant wave heights, their retrievals of long-period swell may differ substantially 

because of differences in low-frequency noise and filter settings. 

4. Representative GNSS Wave-Buoy Systems and Their Applications 

4.1. Representative GNSS Wave Buoys 

GNSS wave buoys have evolved into operational platforms capable of onboard pro-

cessing, real-time telemetry and long-duration deployment. Representative systems in-

clude DWR-G, Spotter and microSWIFT. Developed by Datawell, the DWR-G uses a sin-

gle GPS receiver to measure three-dimensional velocity and reconstruct displacement 

through integration, without requiring a shore-based reference station or routine calibra-

tion. It samples at 1.28 Hz, covers wave periods of 1.6–100 s and provides a three-axis 

measurement accuracy of approximately 0.01–0.02 m under freely floating conditions. Its 

spectral range is 0.025–0.60 Hz, with outputs including three-dimensional displacement, 

wave spectra, wave direction and buoy position. The system represents a mature imple-

mentation of GNSS velocity measurement for long-term wave observation (Figure 4a). 

Spotter, developed by Sofar Ocean, is a compact operational GNSS wave buoy powered 

by solar energy and equipped with iridium and cellular communications (Figure 4b). It 

weighs less than 5.5 kg, records three-dimensional displacement at 2.5 Hz and provides 

wave spectra over 0.03–0.8 Hz. Spectrally derived parameters include significant wave 

height, wave period and mean wave direction, with field measurements generally differ-

ing from those of the DWR-G4 by less than 10% [31]. Developed by the University of 

Washington, microSWIFT combines low cost with onboard processing and telemetry. The 

v1 system uses a Raspberry Pi Zero processor and costs no more than US$600 per unit. Its 

significant wave-height measurements agree with those from a Datawell Waverider to 

within ±0.1 m. During hurricanes, microSWIFT and Spotter also produced broadly con-

sistent frequency and directional spectra for significant wave heights of 2.7–7.4 m [32]. 

The subsequent v2 system uses a low-power STM32 microcontroller, extends operational 

endurance to 30 days, and supports deployment from aircraft (Figure 4c). This expendable 

buoy costs approximately US$900 per unit and can optionally carry temperature and sa-

linity sensors in addition to providing wave spectra and standard wave parameters. 
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Figure 4. Representative GNSS wave buoys. Panel (a) is sourced from the official Datawell website 

(https://datawell.nl/), panel (b) is reproduced from [31] and panel (c) is reproduced from [32]. 

4.2. Publicly Available Data 

Major operational buoy networks, including the National Data Buoy Center (NDBC) 

and the Coastal Data Information Program (CDIP), remain dominated by accelerometer-

based systems, with GNSS buoys contributing observations at only a limited number of 

stations. By contrast, the Nationwide Ocean Wave Information Network for Ports and 

Harbours (NOWPHAS) has incorporated GNSS buoys into its monitoring network since 

2007, and they have become an important component of wave observation around Japan. 

Eighteen GNSS buoy stations are distributed across coastal ports and offshore waters (Fig-

ure 5), typically 10–20 km offshore at water depths of 100–400 m. Publicly available rec-

ords include significant wave height, significant wave period and wave direction. 
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Figure 5. Spatial distribution of NOWPHAS wave-observation stations by instrument type in 2024. 

The Sofar Spotter Archive is a global historical dataset released by Sofar Ocean, providing 

wave and wind observations from the Spotter buoy network. It contains more than seven mil-

lion hours of sea-surface observations collected between 2019 and March 2022 across open-

ocean and nearshore waters. The archive supports wave-model validation, satellite-product 

validation, wave-data assimilation and global wave-climate analysis. Figure 6 maps the Spot-

ter buoy locations on 4 March 2022 and the corresponding significant wave heights. 

 

Figure 6. Spatial distribution of Spotter buoys and the corresponding significant wave heights on 4 

March 2022. 

Australia’s Integrated Marine Observing System (IMOS) operates a coastal wave-

buoy array and the public AusWaves data platform, which provides real-time and histor-

ical observations from Australian coastal waters. These data support wave-forecast vali-

dation, coastal-hazard assessment, marine engineering and related applications. The net-

work relies primarily on Spotter buoys, most of which are moored in nearshore waters 

15–80 m deep, together with a smaller number of drifting platforms. In total, the network 

comprises approximately 60 observing units, whose locations are summarized in Figure 
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7. Public data products include buoy position, wave parameters and frequency spectra; 

selected buoys also measure wind speed, wind direction and water temperature. 

 

Figure 7. Buoy locations and selected observations on 7 June 2026. (a) Locations of active buoys and 

the corresponding significant wave heights. (b) Locations of moored buoys along the Australian 

coast and the corresponding wind directions. 

The microSWIFT data collection, released by Thomson, is an open research dataset 

of observations from compact expendable GNSS wave buoys (Figure 8). It covers several 

field campaigns conducted between 2022 and 2025 in environments including the Arctic 

Ocean, hurricane conditions, and the Atlantic Ocean. Alongside buoy positions, wave pa-

rameters and frequency spectra, the dataset includes measurements of salinity and tem-

perature. These records support studies of extreme storms, wave propagation through sea 

ice, wave–current interactions and validation of modeled wave spectra. Data coverage is 

heterogeneous across campaigns, with substantial differences in deployment location, 

buoy number and record length. 
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Figure 8. Locations and regional trajectories of microSWIFT buoys. (a–h) Buoy trajectories within 

the corresponding regions. 

Analysis of publicly available datasets shows that GNSS buoys have yet to become 

the dominant platforms in established operational networks. These networks already rely 

on stable instrument configurations, mature quality-control procedures and long-term ob-

servational records. Replacing existing systems would increase deployment and mainte-

nance costs and could disrupt data consistency and continuity. AusWaves illustrates the 

regional-network model, with most GNSS buoys deployed in coastal waters. By contrast, 

the Sofar Spotter Archive and microSWIFT datasets demonstrate the potential of compact 

GNSS buoys for globally distributed observations. GNSS buoys therefore currently com-

plement rather than replace conventional accelerometer-based systems. Their role is likely 

to expand through progressive integration into existing networks and the development of 

new observing networks centered on GNSS platforms. 

4.3. Advances in Applications 

GNSS wave buoys offer a new approach to in situ monitoring under complex sea 

conditions. Early applications focused on moored, fixed-point observations in nearshore 

waters, providing wave parameters for marine engineering and related needs. Nearshore 

trials have also served as testbeds for assessing how GNSS measurement methods and 

processing strategies affect wave-parameter retrieval. In the open ocean, drifting GNSS 

buoys simultaneously record wave parameters and drift trajectories, providing field data 
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on wind-sea development, swell propagation and wave–current interactions. Representa-

tive systems, including Spotter and MicroSWIFT, have been deployed in open-ocean cam-

paigns from ships or aircraft. 

GNSS buoys also provide in situ reference measurements for satellite-altimeter cali-

bration and validation. During satellite overpasses, buoy-derived instantaneous sea-sur-

face heights are collocated in space and time with altimeter estimates, while concurrent 

wave parameters and spectra are used to assess satellite-derived wave products. GNSS 

buoys have supported calibration and validation for the TOPEX/Poseidon, Jason-1, Jason-

2, Sentinel-6, and SWOT missions [94–97]. Deployments have expanded from single-site 

comparisons to multi-buoy arrays spanning up to 80 km [98]. 

GNSS wave buoys provide independent in situ constraints for validating numerical 

wave models. Spotter observations have been used to evaluate SWAN simulations and 

ERA5 reanalysis data, with significant wave-height correlations of 0.89 and 0.92, respec-

tively, although agreement was weaker for wave direction [99,100]. Smit et al. further as-

similated significant wave heights from a drifting Spotter network in the North Pacific 

into a WAVEWATCH III-based global forecasting system. Assimilation reduced the over-

all significant wave-height RMSE by 27% and, for an intense swell event, reduced errors 

in arrival time and wave height by approximately 6 h and 1 m, respectively [3]. GNSS 

wave buoys therefore support both model evaluation and data assimilation, providing a 

direct pathway from in situ observation to improved wave-forecast skill. 

Miniaturization and cost reduction are prominent trends in the development of 

GNSS wave buoys. Miniaturization is enabled by integrating GNSS receivers, low-power 

microcontrollers and satellite-communication modules, while commercial off-the-shelf 

components and 3D printing reduce electronic and structural costs, respectively [101]. 

Float geometry reflects the intended observation strategy. Spherical buoys are designed 

to follow water-particle orbital motion (Figure 9a), whereas disc-shaped platforms pro-

vide greater capacity for integrating GNSS receivers and other sensors (Figure 9b). Atti-

tude-assisted designs additionally use buoy-attitude measurements to correct antenna-

height errors or quantify uncertainty in retrieved wave parameters (Figure 9c). GNSS 

measurements have also been extended beyond conventional buoy platforms. Hole et al., 

for example, integrated a GNSS receiver into an uncrewed surface vehicle and obtained 

reliable wave observations (Figure 9d) [102]. 
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Figure 9. Representative structural configurations of GNSS wave buoys. (a–d), Images reproduced 

from [101], [42], [98] and [102], respectively. The non-English text on the buoy in panel (b) identifies 

the organization to which the buoy belongs. 

Spherical designs remain common among GNSS buoys (Figure 9). Their wave-fol-

lowing characteristics underpin established systems such as DWR-G and Spotter, but 

smaller, more integrated GNSS instruments are extending wave measurements to micro-

SWIFT, navigation buoys and uncrewed surface platforms. These platforms differ in size, 

mass, geometry and mooring and therefore need not respond identically to sea-surface 

motion. Nevertheless, such differences have not consistently produced comparable differ-

ences in retrieved wave parameters. Jensen et al. compared two structurally distinct plat-

forms differing approximately 23-fold in mass and reported an 𝐻𝑠  RMSE of approxi-

mately 0.30 m; for 𝐻𝑠  below approximately 7 m, most differences were within 0.25 m 

[103]. Saetre et al. found no marked change in 𝐻𝑠 or wave-direction accuracy after alter-

ing a navigation buoy’s mooring and adding approximately 30 kg [104]. Similarly, long-

term biofouling changed a Waverider’s mass and hydrodynamic response but mainly at-

tenuated its high-frequency response, with only a small effect on wave parameters [105]. 

The influence of platform design on wave-measurement performance therefore merits 

closer examination as GNSS observations expand beyond dedicated buoys; Section 5.2 

discusses this issue. 

5. Discussion 

5.1. Assessing GNSS Wave-Buoy Accuracy at Different Levels 

Although various GNSS wave-buoy approaches have been validated and compared, 

studies differ in sea state, reference measurements, frequency range and accuracy metrics. 

They also report final wave parameters more often than the accuracy of intermediate mo-

tion estimates. The available results therefore characterize performance under particular 

test conditions but do not support a consistent accuracy ranking across approaches. 
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All GNSS buoy approaches aim to reconstruct wave-induced buoy motion, making 

dynamic displacement accuracy within the target wave band a useful common basis for 

comparison. Position, velocity and carrier-phase measurements are not directly compara-

ble as raw observables. Expressing each as band-limited dynamic displacement or a dis-

placement spectrum better captures motion-reconstruction accuracy and exposes differ-

ences that may be masked by the spectral integration used to derive final wave parame-

ters. Target-band dynamic displacement should therefore be retained as an intermediate 

assessment level between raw GNSS observations and derived wave parameters. 

Accuracy assessment of dynamic displacement within the target frequency band 

should account for the effect of filtering on the effective observational bandwidth, partic-

ularly in the low-frequency region occupied by long-period swell. Even when different 

buoys use the same spectral-moment calculation method, differences in high-pass cutoff 

frequency, transition-band characteristics and noise-suppression strategy can lead to dif-

ferent levels of recovery of low-frequency spectral energy. Accordingly, evaluating long-

period swell should involve more than a comparison of overall significant wave height. It 

should also consider low-frequency spectral agreement, swell-partitioned wave height 

and period parameters, while explicitly reporting the cutoff frequency, effective passband 

and spectral integration range used by each system. 

A single accuracy metric cannot establish an absolute ranking while test conditions 

remain inconsistent. Although individual studies identify methods with higher motion-

reconstruction accuracy under specific conditions, the approaches also differ in real-time 

capability, reliance on reference stations or precise GNSS products and computational and 

communication demands. To improve the comparability of accuracy assessments across 

different technology approaches, wave-measurement accuracy should be validated se-

quentially at three levels: raw observations, equivalent displacement and wave parame-

ters. First, the accuracy of the raw observations should be assessed against controlled ex-

periments or independent measurements. Second, observations obtained using different 

technology approaches should be represented on a common basis as dynamic displace-

ment and displacement spectra within the target wave-frequency band, allowing their re-

construction accuracy to be evaluated. Finally, under consistent time windows, effective 

frequency bands and spectral-processing procedures, the wave spectra and key wave pa-

rameters should be compared with those obtained from independent reference instru-

ments using the same accuracy metrics. The reference instruments, platform characteris-

tics and sea-state conditions should also be reported explicitly so that the effects of the 

observation method can be distinguished from those of the experimental environment. 

5.2. Practical Effects of Platform Differences on Buoy Wave-Measurement Performance 

For wave-following buoys, platform-specific differences are first manifested in the 

frequency response of the buoy motion relative to the true sea-surface motion. This re-

sponse can be described by the platform frequency-response function 𝑅(𝑓). L et  𝑋𝑏(𝑓) 

denote the buoy motion and 𝜂(𝑓) the true sea-surface motion. The response function can 

then be written in general form as Equation (22): 

𝑅(𝑓) =
𝑋𝑏(𝑓)

𝜂(𝑓)
 (22) 

Under the linear-response assumption, the relationship between the buoy heave-mo-

tion spectrum and the true wave spectrum can be expressed as Equation (23): 

𝐸𝑏(𝑓) = |𝑅(𝑓)|2𝐸𝜂(𝑓) (23) 

Here, 𝐸𝑏(𝑓) denotes the energy spectrum of the buoy’s vertical motion, 𝐸𝜂(𝑓) de-

notes the energy spectrum of the true sea-surface elevation and 𝑅(𝑓) represents the re-

sponse function of the buoy’s vertical motion relative to the sea-surface elevation. This 
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relationship shows that platform response does not affect the wave spectrum uniformly. 

Rather, the response amplitude at each frequency modifies the spectral energy within the 

corresponding frequency band. 

The frequency dependence of platform response arises primarily from the buoy’s hy-

drodynamic properties. As frequency changes, so does the balance among inertial effects, 

restoring forces, damping and wave forcing, leading to frequency-dependent response 

amplitudes. The heave natural frequency governs the platform’s resonance behavior, 

whereas the buoy dimensions and their relation to wavelength constrain its ability to fol-

low short, high-frequency waves. For example, to enhance wave-following performance 

within the target band, microSWIFT was designed with a heave natural frequency above 

the dominant ocean-wave energy band of 0.05–0.5 Hz. The heave natural frequency esti-

mated for the Spotter buoy is approximately 1.2 Hz, also above the dominant wave-fre-

quency range [31,32]. 

A natural frequency above the target wave band, however, does not imply a response 

amplitude close to unity throughout that band. Geometric factors, including buoy size, 

may still limit the response to short waves. Tank experiments by Hope et al. showed that 

the SFY buoy, with a characteristic width of approximately 15.5 cm, began to exhibit pro-

nounced spectral-energy attenuation at around 2.2 Hz. This frequency was broadly con-

sistent with the geometric cutoff frequency estimated from the buoy dimensions, suggest-

ing that wave-following capability can deteriorate substantially when the wavelength ap-

proaches the buoy size [106]. Waseda further reported that the heave response of the K-

TRITON test buoy remained close to ideal over 0.05–0.2 Hz, whereas pitch and roll reso-

nances produced an anomalous peak in the horizontal-motion spectrum at approximately 

0.36 Hz. These findings show that frequency- and motion-mode-dependent responses can 

substantially modify the buoy motion spectrum [18]. 

Changes in spectral energy induced by the platform frequency response can propa-

gate into the derived wave parameters. For 𝐻𝑠, spectral attenuation or amplification mod-

ifies the zeroth spectral moment 𝑚0, with t he magnitude of t he r esulting e ffect deter- 

mined by the fraction of total energy contained in the affected frequency band. For period 

parameters, attenuation of high-frequency energy may disproportionately affect the sec-

ond spectral moment 𝑚2, leading to bias in 𝑇𝑚02. Conversely, localized amplification in 

the platform response may shift the dominant spectral peak and thereby alter the peak 

period 𝑇𝑝. Differences in response amplitude and phase among the different motion de-

grees of freedom may also modify the cross-spectral relationships, thereby affecting esti-

mates of wave direction and directional spreading. 

GNSS measurement errors and platform-response biases should be distinguished ac-

cording to the reference quantity against which they are evaluated. GNSS measurement 

error refers to the deviation between the GNSS-derived and actual buoy motion, whereas 

platform-response bias refers to the deviation between buoy motion and the true motion 

of the sea surface. In a simplified mathematical framework, platform response affects the 

representation of the true wave signal through a frequency-dependent transfer function. 

GNSS measurement error, by contrast, enters the buoy-motion observation sequence pri-

marily as a measurement error. These two error sources also have different signatures. 

Platform-response bias is typically manifested as frequency-dependent attenuation or am-

plification of motion amplitude and phase shifts, whereas GNSS measurement error may 

appear as observational bias, low-frequency drift or additive noise. GNSS measurement 

error can therefore be evaluated using controlled-motion experiments or an independent 

motion reference installed on the same platform, by examining its deviation from the ref-

erence motion and its frequency distribution. Platform-response bias can be evaluated 

through hydrodynamic analysis or synchronized wave experiments, using the true sea-
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surface motion as the reference to quantify the buoy response amplitude and phase across 

frequencies. 

Frequency-dependent platform response does not, by itself, require explicit transfer-

function correction for every buoy. Benetazzo et al. used a field-calibrated response ampli-

tude operator (RAO) to correct a large buoy’s response. By contrast, the cited studies of 

Spotter, microSWIFT and some navigation buoys did not apply RAO corrections to wave 

parameters; they relied instead on designs that place the natural frequency outside the main 

wave-energy band, together with frequency-band limits and quality control 

[31,104,107,108]. Thomson et al. reported wave-parameter errors within approximately 5% 

for a Wave Glider platform without establishing a transfer function. Explicit RAO correction 

is thus one means of managing platform response, not a universal requirement [108]. Relia-

ble wave measurements may also be obtained through platform design and frequency-band 

control when the dominant wave energy falls within a stable-response range. 

Overall, current evidence suggests that platform differences chiefly alter the fre-

quency range over which buoy motion reliably represents sea-surface motion. Their effect 

on conventional wave parameters depends on whether the dominant wave energy lies 

within that range. Where long-period swell dominates and little energy occupies the af-

fected high-frequency band, bulk parameters may remain stable despite substantial dif-

ferences in high-frequency response. By contrast, platform effects may become more pro-

nounced for short-period wind waves, high-frequency spectral analyses, extreme sea 

states or when a platform’s natural frequency overlaps the main wave-energy band. 

5.3. Suitability of Buoys as Validation References 

Buoys provide key in situ references for validating satellite observations and wave 

models, but neither conventional nor GNSS buoys are free from measurement bias across 

all frequencies, parameters and observing conditions. Disagreement with a satellite prod-

uct or model therefore does not, on its own, identify the product or model as erroneous. 

Buoy observations are better treated as reference measurements with defined error limits 

and conditions of use, rather than as absolute ground truth. 

Disagreement can arise even when both the buoy and the dataset under validation ap-

pear reliable, because they may differ in physical definition or in the scales they represent. 

A mismatch between FROM and TO wave-direction conventions, for example, produces an 

approximately 180° offset; SAR can also have a separate 180° directional ambiguity. Buoy 

statistics calculated over a time window are likewise not directly equivalent to an instanta-

neous spatial satellite observation or a model grid-cell average. During rapidly evolving 

conditions, such as a typhoon, substantial changes within the window may violate the sta-

tionarity assumption and weaken the reliability of estimated wave parameters. Different 

observing systems represent the sea state over different spatial and temporal supports. Sat-

ellite products describe wave conditions at a particular overpass time and across a defined 

spatial footprint, numerical models represent wave fields at the grid scale, and buoys typi-

cally provide statistical wave parameters at a local site over a specified time window. Even 

after spatiotemporal collocation, these differences can introduce additional biases when the 

sea state evolves rapidly or exhibits substantial spatial heterogeneity. 

The suitability of a GNSS buoy as a validation reference therefore depends on both 

the reliability of its observations and the degree to which the two datasets share compa-

rable physical definitions and spatiotemporal representativeness. In practical validation, 

collocation criteria should be selected carefully to minimize the influence of differences in 

sampling scales. When buoy observations are reliable and well matched to the data being 

evaluated in terms of physical definition and observation scale, they can provide a high-

confidence in situ reference. For isolated cases of disagreement, consistency should be as-

sessed in conjunction with observations from multiple independent sources. 
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6. Conclusions 

This review synthesizes the measurement principles, wave-parameter retrieval 

methods, representative systems and applications of GNSS wave buoys. It traces the tech-

nical pathway from acquiring observations and estimating buoy motion to retrieving 

wave parameters and applying the resulting data. The main conclusions are as follows: 

1. GNSS wave-observation approaches differ chiefly in how buoy motion is measured. 

Displacement-based methods directly obtain sea-surface displacement time series; 

among these, DGNSS, PPK and RTK are better suited to nearshore observation. Ve-

locity-based methods generally operate without shore-based reference stations and 

offer considerable potential for autonomous, large-scale observation in the open 

ocean. 

2. The studies reviewed here indicate that within the sea-state and frequency ranges 

examined, significant wave heights derived from GNSS and accelerometer-based 

measurements on the same buoy generally showed good agreement, with high cor-

relation coefficients (𝑅 = 0.99) and low RMSE values (≤7.1 cm). Other intercompari-

son studies using independent reference buoys also reported relatively small discrep-

ancies in significant wave height and mean period in some cases (𝐻𝑠RMS E ≤ 

5.02 cm, 𝑇𝑚𝑅𝑀𝑆𝐸 ≤ 0.22 s). In contrast, wave-direction estimates may exhibit rela-

tively large angular deviations in some studies (𝑅𝑀𝑆𝐸 ≤ 9.27°). Nevertheless, b e- 

cause the evaluation metrics and reference instruments varied across studies, these 

results should not be extrapolated beyond the tested sea states and observation sys-

tems. 

3. Mature GNSS wave-buoy systems, including DWR-G, Spotter and microSWIFT, now 

support both fixed-site and drifting observations. Publicly available research data 

show that although they have not fully replaced accelerometer-based buoys, GNSS 

buoys are widely used for in situ monitoring, satellite-observation validation, wave-

model evaluation and oceanographic data assimilation. Their development is mov-

ing towards smaller, lower-cost systems integrated across multiple platforms. 

4. GNSS buoy performance varies with frequency and application context, so a single 

accuracy metric cannot capture the practical performance of different approaches 

and platforms. Evaluation should consider motion reconstruction in the target wave 

band, platform response and application conditions alongside final wave parameters. 

When used as external validation references, GNSS buoys also require consideration 

of observational comparability when attributing errors. 

GNSS buoy performance remains limited by GNSS signal-reception quality, while 

directional-spectrum retrieval in complex sea states and long-term operational perfor-

mance need further improvement. Continuing advances in GNSS technology will enhance 

buoy observation and engineering capabilities, enabling larger-scale deployment and 

broader applications. Open-ocean systems will become smaller and lighter; nearshore sys-

tems should incorporate tidal-level observations and develop towards high-accuracy, net-

worked continuous monitoring. Improved data standards, evaluation frameworks and 

retrieval reliability may ultimately make GNSS wave buoys core nodes of the marine in 

situ observing system. 
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